The present work has focused on the application of the inverse-QSAR/QSPR problem for generating new structures of pesticides; this is in view of its extremely important and widespread use in several areas, particularly the agricultural field. For this reason, we implemented a methodology containing nine detailed successive steps that include a quantitative structure-activity/property relationship (QSAR/QSPR) study performed to develop a model that relates the structures of 190 pesticides compounds to their n-octanol-water partition coefficients (logk ow ). We used the unique atomic signatures which represent the structures and acts as independent variables while the property (logk ow ) as the dependent variable. The model was constructed using 130 molecules as training set, and predictive ability tested using 60 compounds. Modeling of logk ow of these compounds as a function of the signatures descriptors was established by multiple linear regression (MLR) using (LOO) cross-validation. As a result, a QSAR/QSPR equation with 14 atomic signatures was hereby obtained with a R 2 = 0.659273, Q 2 = 0.65617 and RMSE training = 0.930192, s = 1.37297 for the training set and in leave-one-out (LOO) cross-validation experiment set value, q 2 = 0.605676, RMSE LOO = 1.0936 respectively. In addition to all of the above, new structures have been generated for a range of pesticides that can be included as future search topics.
Introduction
Pesticides are a large group of substances used to kill insects. These substances are mainly used to control pests that infest cultivated plants and crops or to eliminate disease-carrying insects in specific areas. 1 The definition of pesticides according to Food Agriculture Organization of the United Nations (FAO 1989 ), a pesticide is any substance or mixture of substances intended for preventing, destroying, or controlling any pest including vectors of human or animal diseases, unwanted species of plants or animals causing harm during, or otherwise interfering with, the production, processing, storage, or marketing of food, agricultural commodities, wood and wood products, or animal feedstuffs, or which may be administered to animals for the control of insects, arachnids or other pests in or on their bodies. 2 Pesticides and agrochemicals, in general, became an important component of worldwide agriculture systems during the last century, allowing for a noticeable increase in crop yields and food production. 3 Poisoning from pesticides is a global public health problem and accounts for nearly 300,000 deaths worldwide every year. 4 Pesticides have numerous beneficial effects. These include the protection of crop, preservation of food and ma-Souyei et al.: Application of Inverse QSAR/QSPR Analysis ... terials and prevention of vector-borne diseases. For example pesticides may be used in the prevention of malaria, which kills up to 1 million children per year, 5 and for preventing other vector-borne diseases such as dengue, leishmaniosis and Japanese encephalitis. Sorption, volatilization, solubility in water, hydrolysis or oxidation, photo degradation and biodegradation are some of the important factors dealing with the fate of OPPs in the environment. 6 Pesticides vary by source, structure and usage, for example, we find Botanical Ps and Neonicotinoid pesticides. Botanical Ps are naturally occurring chemical compounds extracted or derived from plants to manage field and storage crop pests. 7 The BPs can easily degrade in the environment, and they are easily available, less toxic to human and non-targeted organisms and are compatible with different human cultures. 8, 9 Studies have shown that, plants are very good source of crop protectants against pests. 10, 11 Neonicotinoid pesticides were first introduced in the mid-1990s and since then their use has grown rapidly so that they have become the most widely used class of insecticides in the world, with the majority being used as seed coatings. 12 As for the distribution of pesticides, it is concluded that lipophilicity is the chief determinant of pesticide distribution in sediment/water systems. 13 Accordingly lipophilicity k ow (n-octanol-water partition coefficients) is a physico-chemical property that characterizes the ability of a chemical compound to dissolve in fats (lipids) and non-polar solvents. 13 Lipophilicity plays an important role in the development of drugs and pesticides, since this parameter affects the pharmacokinetic and pharmacodynamic behavior of a biologically active substance. 15, 16 According to IUPAC, lipophilicity reflects the affinity of a molecule or a fragment thereof with a lipophilic medium. 17 Due to the importance of lipophilicity parameter k ow in the distribution of these compounds (pesticides) between the water and organic phases in the organism, numerous studies report k ow values for ionisable compounds. [18] [19] [20] However, most of them determined a single k ow value, reflecting the lipophilicity of the neutral species only. Lipophilicity is expressed by the octanol-water partition coefficient (k ow ), estimates the solubility in both aqueous and organic phases. 21 The values of k ow generated using these various methods may vary by several orders of magnitude hence k ow is usually expressed in the logarithmic form (logk ow ). 22 Given all the above mentioned importance of the logk ow , it is necessary to study the shape and characteristics of the relationship between this important property of (logk ow ) and the molecular structure of these compounds.
The aim of this work is the application of the Inverse-quantitative structure-property relationship (I-QSPR) study. This method is based on a nine-step methodology. The first is a selection of database compound. The second is the generation of the 2D structures, while the third step is the QSPR analysis after translation of the database compounds into unique atomic signatures. In the fourth one, we construct constraint equations, specifically the graphicality and consistency equations, which facilitate the reconstruction of the solution compounds directly from the signatures. Fifth, we solve constraint equations while the sixth step is the database solutions checking. The seventh, eighth and ninth steps are respectively, keeping solutions with desired range, new structures generating, and finally, the database focused. Figure 1 . Outline of the I-QSPR Algorithm. 24 As for important uses of the QSPR analysis step is to develop a QSPR model that relates the structures of 190 pesticides compounds to their n-octanol-water partition coefficients using multiple linear regression technique and to generate new pesticides structures with novel physico-chemical and QSAR properties.
Methodology
Inverse-QSAR/QSPR is known as the technical uses values for the independent variables of a particular compound in the QSAR /QSPR to solve for the activity /property of that compound (the dependent variable). In contrast, the goal of the inverse-QSAR/QSPR problem is to determine values for the independent variables given a desired activity /property. 23 An inverse-QSPR(I-QSPR) problem is a signature-based CAMD (Computer Aided Molecular Design ) algorithm that identifies compounds possessing a certain performance (or property) of interest predicted using a developed QSPR model. 24 The I-QSPR technique is interchangeable with the molecular signature descriptor CAMD algorithm.
To achieve the I-QSPR algorithm in our study, we provided the steps detailed in Figure 1 below, which explains how this algorithm is performed in nine fundamental stages:
(1) The selection of database compounds ; (2) Generation of the 2D structures; (3) Translation of the database compounds into signatures in addition to QSPR analysis; (4) Generation of constraint equations ; (5) Constraint equations solving then inverse solutions obtaining;(6) Check solutions for database; (7)Store solutions within desired range ; (8) New structure generation;(9) Focused database.
1. Step 1: Selection of Database Compounds
In this work the database contains 190 compounds (Pesticides) of different classes, which have an important role in human life. The corresponding experimental data (n-octanol/water partition coefficients logk ow ) are obtained from the literature (www.chemspider.com chemical structures and www.pubchem.com).
Step 2 : Generation of the 2D Structures
We have developed a code that allows us to calculate the atomic signatures of molecules after generating 2D structures.
3. Step 3 : Translation of the Database Compounds into Signatures in Addition to QSPR Analysis
The structural representation of the studied compounds is of great importance for describing, circulating and explaining the significant structural information depending on their characteristics. Based on this representation, the extent to which this structure is related to the activity /physochemical properties of the studied molecule. The structural information of a molecule is evaluated by entities called molecular descriptors. The descriptor which is distinctive and in accordance with the applicable conditions to this technique (I-QSPR) is called signature. 25, 26 
a) Signature
The signature is a fragment based descriptor that encodes the local topology of an atom in a molecule. 27 Degeneracy, when using signature, is controlled by the height of the signature, which represents the level of branching in a structure. Signature at height-1 or height-2 has lower degeneracy than height-0, and shows high correlation ability for atomic signatures of a molecule to its corresponding property of interest. 28 
b) Definition of the Atomic Signature
Signature, which has its origins in structural elucidation studies of Faulon, 29 is based on the molecular graph of a molecule, G = (V G , E G ), where the elements in V G denote the atoms in the molecule, and the edges of E G correspond to the bonds between those atoms. We define an atomic signature, h σ G (x), as the canonical sub-graph of G consisting of all atoms a distance h from the root x. 29 Once a signature height is specified, the molecular signature of each of the N compounds identified in step 1 is calculated using an in-house translator program.
c) Definition of the Molecular Signature Descriptors
Descriptors encoding significant structural information are used to present the physicochemical characteristics of compounds to build the relationship between structure and property in this study. The molecular descriptor used in this project was the molecular descriptor called signature because of its success to address the I-QSAR problem. The success of signature is threefold, First, signature performs the QSAR analysis as well as conventional molecular descriptors. 30, 31 Second, signature has a lower degeneracy than other molecular descriptors and can be controlled by the user by a variable termed height. The molecular signature for a compound is the sum of each atomic signature multiplied by the occurrence vector of that atomic signature in the given compound and it can be calculated using the following equation. 32 (1)
Where the elements of V G (matrix of the vertices) are the atoms (X), ∑ h i is the basis set of all atomic signatures of height h and h α G is the vector of occurrence number of atomic h-signatures of the graph G. Example of molecular signatures for Ethephon is given in 
d) QSAR/QSPR analysis:
The QSPR analysis was performed according to the organizational chart below:
Quantitative structure-activity / property relationship (QSAR/QSPR) as an important area of chemometrics has been the subject of a series of investigations. 32, 33 The main aim of (QSAR/QSPR) studies is to establish an empirical rule or function relating the structural descriptors of compounds under investigation to properties. This rule or function is then utilized to predict the same properties of the compounds not involved in the training set from their structural descriptors.
tion. 34 Constraint Equations are generated from the atomic signature database. Graphicality Equation is developed from the height 0 atomic signatures, and is a necessary condition for a connected graph. 35 
5. Step 5: Solve Constraint Equations
Since the space of solutions is infinite we limit the range that these solutions (independent variables) can take, based on their range in the original training set, minimum and maximum value (per atomic signatures) provides the additional constraints necessary to solve the system. Due to the large number of equations, we have used the min/max values in the Particle Swarm Optimization algorithm called PSO. This algorithm seems to satisfy the constraint equations in a step-wise manner such that the iterations involving those variables which occur in the equations go from least to most iterations.
6. Step 6: Check Solutions for Database
Since the constraint equations are derived from the number of used compounds, this number should represent solutions to the constraint equations, these are evaluated according to the bonding of the atoms within the molecule.
7. Step 7 : Keep Solutions With Desired Range
In this step the solutions must be scored for fitness relative to a desired property value. The solutions which have the desired fitness are kept, while the unsuitable atomic signature must be removed from the solution. It is at this stage where various heuristics can be applied to focus the solution space based on expert knowledge or other means. 26 
8. Step 8: Generate New Structures
The molecular Signatures (solutions) which emerge from Step 7 are the molecular signatures from which structure generation will occur. Structure generation is performed using an algorithm developed by Faulon and Coworkers, 36 which is based on an earlier isomer enumeration algorithm developed by Faulon (Appendix 1 in supplementary files). In this step we have selected suitable structures after various filters to remove those undesirable candidate structures.
9. Step 9: Focused Database
The structures which have survived until this point become part of the focused database. These are the high-quality structures which are worthy of further investigation. It is here where experiments run on a select num- 
4. Step 4: Generation of Constraint Equations
In this step, we constructed the constraint equations, which serve in the construction of new compounds by reconnecting atomic signatures into molecular signatures with desired properties determined by the QSPR equa-ber of compounds to verify the predictions of the algorithm would be employed. Often, the results of the experimentation can be used to refine the QSPRs and the focused database itself. 26 
Results and Discussion

1. Atomic Signatures Calculation
As the first step in our I-QSPR analysis, is the translation of the 2D molecular structures into atomic signatures illustrated in Table 1 bellow. occurrence numbers greater than or equal to 3 in order to perform the LOOCV analysis. The most significant atomic signatures were then added one at a time, on the basis of the R 2 and Q 2 values were calculated for each step resulting in Figure 4 , which depicts the R 2 and Q 2 values as function of the number of independent variables, i.e. atomic signatures. 
The QSPR analysis was calculated on the basis of a descriptor matrix. The descriptor matrix for the height -1 atomic signature contained 190 rows and 253 columns, one column for the logk ow and 252 columns for the unique atomic signatures. The QSPR equation, however, was only calculated on the basis of 29 atomic signatures, hereby removing 223 atomic signatures, in order to perform the LOOCV. 37 For performing the forward stepping MLR 223 unique atomic signatures removed and we leaved 29 with (Fig.4) brings out an asymptotic behavior, the model is considered optimal when the improvement of the correlation becomes maximal, that is to say representing the better compromise between correlation and parameterization.
The calculations were terminated at 14 atomic signatures, thus the 15 th atomic signature was insignificant. Statistically QSPR model using MLR was obtained, the QSPR equation was chosen on the basis of the best predicting model, i.e. highest Q 2 value. A QSPR equation with 14 atomic signatures was hereby obtained with a R 2 = 0.659273, Q 2 =0.65617 and RMSE training = 0.930192, s = 1.37297 for the training set, and in leave-one-out (LOO) cross-validation experiment set value, q 2 = 0.605676, RM-SE LOO = 1.0936 respectively. Where R 2 represents the determination coefficient, Q 2 : square validation coefficient, s: standard deviation, RMSE: the root square error.
2. The model Equation
The Table 1 . Statistical results and significance of this final model, illustrate that the positive high value coefficient is for atomic signature X 20 . It was also suggested from this model that the atomic signature X 24 was necessary contributor to logk ow, the atomic signature X 5 was assigned as an effective variable on logk ow , but with a negative coefficient. Using the QSPR equation to predict the logk ow of the pesticides in the same training set and plotting these values against the experimental data, resulted in Figure 5 .
The plot shows the predicted logk ow values based on the model equation which is validated to be statistically significant by the leave-one-out cross-validation versus experimental ones. Obviously, the predicted logk ow values are in a good agreement with experimental ones. The 14-parameters of model provide a high statistical quality: R 2 = 0,66 and Q 2 = 0.65 , and this shows that the condition of predictability according to the consideration of R. Veerasamy, 37 and A. Golbraikh, 38 is satisfied.
The Constraint Equations
The following constraint equations are written in the order of the smallest parameters number to the greatest, thus in the order they were solved: (i) Consistency equations which ensure the alignment of atoms in the construction of molecular signatures. (ii) Graphicality equation which represents the valence of each atom. To solve these equations, a method developed by Weis and Visco. 28 was adopted, and because of the wide database and the large number of constraint equations, we have used a program based on PSO algorithm.
4. Generating of new Pesticides Structures
Base on the inverse solutions obtained from solving the system of constraint equations, new structures can be constructed from molecular signatures. It is worth mentioning that for the same molecular signature there are multiple structures.
Solving the constraint equations ( Table 2 ) a total number of 5500 solutions (new molecular signatures) which will be a new structures. Since it would be difficult to examine over 5500 structures, the newly generated structures were refined according to the different chemical structures of all existing pesticides. All newly generated structures were passed through the ChemSpider, PUB Chem and LookChem (structure search) which are reliable database to identify commercially available compounds. After all these steps, a set of 20 samples was selected (Appendix 2 in supplementary files) according to their logk ow , which is close to the average value of the database of the 190 pesticides studied (logk ow = 2.94). The 20 identified compounds became part of the focused database. In order to assess the diversity level among the newly generated structures, they were compared to the training set structures.In addition to the work done, we compared the values of the logk ow predicted by our model to those calculated by Hyperchem software (ver. 8), it was concluded that the values for the two results (Table 4) are close in most cases.
Conclusion
The high interest in pesticides and their uses in diverse fields, especially in agriculture, requires us to study these pesticides extensively and in depth . This is done by identification and focus on the characteristics including the physico-chemical properties, then the attempt to establish new chemical structures.
The identification of new pesticides with desired properties was done by developing an inverse-quantitative structure-property relationship on the basis of octanol-water partition coefficient (logk ow ).
We processed a database of 190 pesticide compounds, after developing molecular signatures calculated from atomic signatures. And in order to perform LOOCV. Only 29 atomic signatures from out of 252 are used as independent variables and logk ow as a dependent variable in the QSPR realization, then the resolution of the constraint equations to the number of 55 by a computation code developed for this purpose, based on the successful PSO method to find 5500 solutions which represent new structures.
Based on the goal of the inverse-QSPR method was to predict, if any, novel compounds structures possessing a logk ow values are close to those in the training set. There were 20 new compounds classified as pesticides.
We have presented and studied these new structures that do not yet exist in the databases of chemical compounds based on our search of reliable databases for this purpose.
This work indicates that the inverse-QSPR method can be used as a reliable approach to generate new compound structures, since, on the one hand, the coefficient of determination R 2 of the model is greater than 60%, and on the other hand, the predicted results are close to the values calculated by other software such as Hyprchem. This research is envisaged to serve as a base for further studies. 
Acknowledgments
We thank Dr. Labbi Yacine, from Electrical Engineering Department, Echahid Hamma Lakhdar University of El Oued for assisting in the numerical analysis and calculating method.
